Abstract: Texture features related to scar collagen second harmonic generation (SHG) images are useful for studying scars; however, current computational analysis methods require extensive computing resources. We designed a local orientation ternary pattern (LOTP) method in the SHG images for the purpose of extracting the characterization. SHG images were generated from human scar tissue samples, with scar age ranging from 2 to 40 years. Depending on the complete texture information of LOTP images, we extracted the Tamura features including coarseness, contrast, directionality, regularity, line-likeness, and roughness. Tamura texture features could be measured for all input patterns to set up a regression model about the age of scars and that give well-distributed results. Generalized boosted regression trees were calculated with the computed data, and R 2 and root-meansquare error (RMSE) statistical analysis were used to determine accuracy. Use of the LOTP operator allowed for the maximum extraction and relative importance of Tamura feature data, with roughness being the most important feature and line-likeness being the least important feature. Using the LOTP operator resulted in the highest accuracy assessment of scar characteristics compared to other methods, such as improving local ternary pattern, binary gradient contours, and grey level co-occurrence. Our proposed LOTP method requires less computation time than the extension of LTP and describes SHG images with higher accuracy compared to existing algorithms.
Introduction
Scars are an undesirable consequence of surgery, and their negative aesthetic appeal can lead to psychological stress for patients [1] . Current evidence describes that collagen organization in scars varies with scar progression [2] . Therefore, the visualization of collagen morphology could lead to better understand of scar status, and these findings could help identify new therapeutic strategies to promote more aesthetically-pleasing scars [3] . Recently, second harmonic generation (SHG) microscopy has been developed as a noninvasive tool for imaging collagen in scar tissues, and its unique advantages include decreased photo-damage and photo-bleaching, as well as high resolution imaging at a depth of several hundred microns [4] . Many researchers rely on SHG microscopy to characterize collagen in scar tissue instead of using empirical observations that are associated with pathological condition [5] . To describe SHG microscopy findings, numerous texture analysis methods have been developed to extract the features in SHG images, such as Grey Level Co-occurrence Matrix (GLCM), Local Binary Pattern (LBP), Binary Gradient Contours (BGC), Local Ternary Pattern (LTP), and Improved Local Ternary Pattern (ILTP) [6] , [7] .
The classical method for image textural analysis is GLCM, which is a statistics-based method that considers the spatial relationship of pixels [8] . GLCM can describe most texture information, however it neglects local information. Using a local operator and ignoring overall information is a better approach to solve this problem. LBP is a local operator based on adjacent region pairs, and it has been widely applied in image texture descriptions owing to its ease of operability and robustness [9] . However, the LBP method is limited because it is sensitive to noise exposed in the process [10] . BGC is a family of descriptors based on coupled comparisons of adjacent pixels. The effectiveness of BGC features has been experimentally demonstrated in texture classification experiments, however this method loses partial neighborhood information [11] . LTP was designed as an expanded method of LBP, and the diversity of code increases texture information. Moreover, LTP introduces the opposite of a threshold, which can decrease sensitivity to noise [12] , [13] . In addition, many extended operators of LTP have been developed, including texture classification, human action, and face recognition [14] . For example, ILTP was designed by increasing the center of the pixel to describe texture information more abundantly than LTP; however, it cannot adapt to an image with abundant boundary information [15] .
In this study, the differential values of the same row or column in SHG images were considered to provide copious gradient information. With this approach, we extended LTP to include orientation information of images, thus we named this method Local Orientation Ternary Pattern (LOTP). LOTP images were achieved using the LOTP operator to assess SHG images of surgical scars ranging from 2 to 40 years post-operation. From LOTP images, we extracted Tamura features, which describe six texture features corresponding to human visual perception including coarseness, contrast, directionality, line-likeness, regularity, and roughness [16] , [17] . The combination of LOTP with Tamura features was used to quantify characteristics of SHG image textures for normal scars from various aspects. Ultimately, regression analysis was performed by using generalized boosted regression trees (GBRT) to Tamura features from the proposed method herein, as well as GLCM, BGC, and ILTP for comparison, and differences were assessed using R 2 and root-mean-square error (RMSE) [18] . This study determined that our proposed LOTP method generated more accurate descriptions of SHG images compared to GLCM, BGC, and LTP methods.
Materials and Methods

Study Design
The study design scheme for generating texture descriptions is provided in Fig. 1 .This work began with obtaining normal scar samples from patients. Scar SHG images were captured by SHG microscopy and then transformed into LOTP images by our LOTP operator. Tamura features were extracted and served as a quantitative index of texture information describing scar SHG images. Finally, extracted features were analyzed in regression prediction to demonstrate the effectiveness of target method.
Scar Sample Preparation
Informed consent was obtained from each study participant, and this study was approved by the Institutional Review Board of Fujian Medical University. All tissue processing strictly complied with Fig. 1 . Main procedure of this work, including the procedure of image acquisition in SHG microscopy, the procedure of image processing using LOTP operator, the procedure of features extraction, and the procedure of algorithm verification using GBRT.
institutional rules governing clinical investigation of human subjects in biomedical research. Ninety cesarean section scar tissues were collected during cosmetic surgery from the abdomen of female patients (aged 25 to 58 years). The ages of the 90 scars were 2, 4, 8, 15, 21, and 40 years, and each age group has 15 samples. Scar collagen texture varies with both patient age and scar age, and scar age is considered to be more concerned with scar collagen morphological alteration [19] . In this study, the scar collagen texture dynamic with scar age was focused on, and each scar age group contains different patient age to balance the collagen textural difference caused by the patient age. Tissue samples were immediately frozen in liquid nitrogen (−196 • C) after collection. Prior to imaging, scar tissues were sectioned in 100 μm thickness and sandwiched between a slide and cover slip and sealed with transparent tape.
SHG Imaging
Scar SHG images were obtained from a Zeiss LSM 510 META microscopic imaging system (Zeiss, Jena, Germany) that had a mode-locked femtosecond titanium: sapphire laser (Coherent Mira 900-F) operating at 810 nm. The system was comprised of three basic modules: an excitation light source, an imaging detection system, and a high-throughput scanning inverted microscope utilizing the coherence of two-photon in nonlinear electro-optic effect. SHG has high directionality because it involves the procedure of coherent scattering. Scar SHG images have highly indicative effect to noise ratio in images, making them clearer than fluorescence images. Our experimental images come from transverse sections of sample that include different structure from epidermis to dermis. Epidermis and superficial dermis maybe contain normal skin tissue, which could influence the accuracy of study. And therefore, several positions from the deep dermis were chosen randomly for imaging and analyzing. The deep dermis is about 600 μm deep from the surface. One SHG image was extracted from a sample (each age 15 images, total 90 images). Scar SHG images were geometrically normalized to have pixel dimensions of 512 × 512. Partial images are shown in Fig. 2. 
Local Orientation Ternary Pattern
Gradient information is highly important because texture features can be confusing in SHG images. Even though gradient information is considered in LTP, it only contains gradient information at the center pixel [20] . As a result, the ability of LTP to describe the texture properties of SHG images is restricted. LOTP, which was inspired by LTP, was designed to overcome the drawbacks of LTP. The LOTP operator acts on each pixel in target images. All eight neighboring pixels for the center pixel were considered, making up local 3 × 3 area of interest. row. The same manner generates three calculated values for the columns. The threshold t, which is achieved by experiments, is the absolute value of mean that comes from six calculated values. The threshold of choice reasonably need more work in the future. We could obtain six encoded values according (1) . We used upper and lower patterns for decreasing calculation. In six encoded values, all of −1 transform in to 0 is upper pattern and all of 1 transform into 0, as well as all of −1 transform into 1 is lower pattern. What upper pattern and lower pattern do OR operation is final encoded values. Pixel values were calculated by transforming the final encoded values to decimal. The coding procedure is similar to LTP, but the amount of coding is less than LTP. The computes of LOTP are shown in
where g m is the middle pixel value in each row or column, and g i and g j are marginal pixel value in the same row or column. The LOTP encoding procedure is illustrated in Fig. 3 , and t = 1 is threshold.
To confirm accuracy, if LOTP's code consisted of at most a 1 to 0 and a 0 to 1 conversion when observed as a circular bit string, we characterized the code as uniform, e.g.110011. On the other hand, the code could be uneven, e.g.110101. When the binary code of uniform pattern of LOTP was determined, we could not ensure unique values because values have six possibilities [21] . To solve this problem, we defined that the binary code of minimum value as rotation invariance pattern, e.g.001111. With this approach, we ensured that the rotational target image has the same value as the original image.
Every image is viewed as two dimension matrix. Pixel Origin of coordinate is located in top left corner of image, whose coordinate is (0, 0), with x coordinate from left to right and y coordinate from top to bottom. The middle pixel of first LOTP start with coordinate (1, 1) and end up with coordinate (cols-1, rows-1). The processing procedure of LOTP is from left to right and from top to bottom. We obtain LOTP image after LOTP operator traverse the entire image.
Image Feature Extraction
Tamura features reflect the spatial properties of grayscale image distribution that were measured by human subjects [22] . Coarseness, contrast, and directionality are highly significant in monolithic descriptions of textures. As for line-likeness, regularity, and roughness, previous studies from our laboratory demonstrate that they correspond with computational and psychological measurements.
1) Coarseness:
Coarseness describes the measurable differences between fine and coarse textures. It can also indicate information about the magnitude of texture elements [23] . Larger calculated values correspond with greater coarseness in an image. For patterns with different structures, the bigger its element size, the coarser it is felt to be. The coarseness F cr s was calculated using the following equation:
Horizontal case and vertical case:
For each point (x, y) of the input image, f (i , j) is the gray-value of windows of 2 k × 2 k . The A k (x, y) is the mean of the windows, and k was set to five for all images in our experiments. E k,h and E k,v are differences between pairs of averages in nonrepetitive of horizontal and vertical direction. Taking the size at each point gives the highest output value when considering all directions together. The coarseness measure F cr s was the average of these values over the whole image for the input image.
2) Contrast: Contrast describes image quality based on the gray-level distribution. The dynamic domain of gray-levels, with a variety of permutations between white and black, sharpness of edges, and period of repeating patterns can be present in an image [24] . Different picture contrast is stretching or shrinking of its gray scale. This model was designed for changing a picture quality, instead of picture structure. The contrast F con was calculated by the following equation:
where σ 2 is variance, and μ 4 is the fourth moment about the mean μ of image pixel l f (x, y). This measure is normalized with regards to the image.
3) Directionality: Directionality is a measure of existence, meaning that a value can stand for how much presence of directionality is in the image [25] . Therefore, the degree of this characteristic will be consistent when only orientation difference of two images.
Using horizontal and vertical 3 × 3 operators to calculate the convolution of the input image will produce the horizontal derivative F H and vertical derivative F v . Horizontal and vertical derivatives were used to calculate the local edge direction θ:
The values of are used to form a 16 bin histogram. Directionality F di r was calculated by using the sum of the second moments of all histogram values. To ensure accuracy, only the values from valley to valley were considered.
4) Line-likeness:
Line-likeness measures begin with a direction co-occurrence matrix that can derive several important textural features [26] . Line-likeness is concerned only with the shape of a texture element and supplements the three major ones just mentioned, especially when patterns cannot be discriminated by directionality. When the direction and the neighboring direction for a given edge are nearly equal, we regard such a group of edge points as a line. It is beneficial to ignore directions of trivial edges by using threshold t. The line-likeness F li n was calculated as follows:
where P (x, y) is the local n × n direction co-occurrence matrix of points at distance. That was defined as the relative frequency with which two neighboring cells separated by a distance along the edge direction occur on the image. 5) Regularity: Regularity can be easily described in mathematical form, but it is difficult to measure a degree of irregularity without information about element size or shape [27] . It is fairly difficult to measure a degree of irregularity without any information such as element size or shape for natural textures which are difficult to describe mathematically. Hence we take partitioned subimages and consider the variation of each feature in each subimage. To calculate regularity, we used the sum of the standard deviations calculated from the coarseness, contrast, directionality, and line-likeness in subimages. The regularity F reg was calculated as follows:
where r is a normalizing factor, whose sum of standard deviation is divided 400, and σ is corresponding standard deviation. 6) Roughness: Roughness is difficult to compute because it is a tactile sense texture feature. Because both coarseness and contrast contain elements related to roughness, we calculated
for i = 1 to n do r i = −∂ /∂T end for end for return T roughness F rgh as follows:
Gradient Boosted Regression Trees
Gradient boosting of regression trees produces competitive, highly robust, interpretable procedures for both regression and classification. The gradient boosted regression tree is a machine learning algorithm that consists of tree averaging. It is based on adding new small trees h( . ), whose bias is high into the existing classifier T( . ), which is averaged to avoid overfitting T (x i ) is used to stand for the current prediction of sample x i . The purpose of adding a new tree is to minimize the value of loss function (T (x 1 ), ..., T (x n )). The squared loss function was calculated as follows:
where y i is actual value. The T (x i ) is updated with a gradient descent in each iteration as follows:
where : T 0 (x) = arg min
where α > 0 symbolizes the learning rate. The additional item is estimated by the prediction of the regression tree h t (x i ) as follows:
Algorithm 1 summarizes gradient boosted regression in pseudo-code. GBRT relies on three parameters: learning rate α > 0, the tree-depth d, and the number of iterations M B . The smaller the learning rate leads to, the better accuracy. More iterations also improve accuracy [28] . The algorithm is much easier overfitting, when the number of iterations is too large [29] , [30] . That the number of iterations is set to less than 5000 is acceptable [31] , [32] . In our study, the sample x i stands for m × n matrix. m is the number of same age image and n is the number of correspondent feature. Different features will have significantly influence for regression performance. Selecting proper features is our main goal. The T (x i ) is predictive age and is actual age. After we set up each small tree of leaf nodes and tree-depth, each sample could acquire predictive age and loss function. The predictive age is initialized in (13) as it is widely used in solving regression problems. The loss function as input makes up new small tree. At the same time, the predictive age and loss function constantly update until it reaches the number of iterations. Shrinkage contributes to update, which is equal to weight function for each predictive value. The GBRT learning was initialized with a feasible start point which is close enough to the global minimum. Among the most useful descriptions of an approximation ∧ T (x i ) are the relative 
where Ex is mean value, and var x is variance.
In our study, we were interested in the regression performance of GBRT focusing on maximizing R 2 and minimizing root-mean-square error (RMSE). Both relative influence and performance of individual and total variables were computed. MATLAB was used (version 2013a) to reckon LOTP images and extract feature variables, and regression was used to analyze data in R (version 3.2.2) to decrease uptime. We use processor of Intel Core i5 and 8 G of RAM in 64-bit operating systems.
Results
Applications of GBRT Regression
In this section, we applied the extracted feature variables to predict scar duration in GBRT. The relative importance is a significant result about GBRT for demonstrating the effectiveness of proposed method by comparing six variables.
The purpose of choosing Gaussian distribution as loss function is to carry out regression analysis. Shrinkage is an important parameter that with smaller value is better, but the price is to increase training time and computing resources. Therefore, we start with 2000 iterations, where the original author had suggested less than 10 000 [18] , to achieve the best iteration and 0.005 in shrinkage, which 0.001 to 0.01 had been recommended, to get best training model. We use the maximum depth of variable interactions to get the best model with up to two-way interactions. Fig. 4 shows the optimal number of boosting iterations using cross-validation folds for original feature dataset of 90 samples. The black line stands for training deviance of regression model in iteration. It indicated the estimated cumulative improvement in the loss function that is plotted versus the iteration number. Fig. 5 displays the estimated normalized relative importance, which come from dividing the largest value, of the input feature variables. Roughness, coarseness, and directionality have evident property. It indicated they are good at reflecting characteristics of SHG images. Partial variables are found to be more powerful. Roughness is the best one and line-likeness is the exact opposite. The result agrees with the mechanism used to create these functions. 
Comparing With Other Methods
To validate our new method, we compared the Tamura features extracted from our LOTP method to those extracted from ILTP 3×3 , BGC1, and GLCM, which are all previously established methods to describe image texture (see Fig. 7 ), and Fig. 6 presents the intercept and the slope of each regression curve. The closer to 1 slope is and to 0 intercept is, the more accurate regression model is. They reflect the prediction performance of model and slope is the one of most important index in evaluation of model. Tamura features display perfectly the characteristics of LOTP images because the slope is very close to 1. The regression curve indicated that LOTP operator combined with Tamura features have highly effectiveness to regression analysis in SHG image. Tamura features from the LOTP method demonstrated the overall best performance in regression analysis. Regarding GLCM, one of the most established methods for image analysis, the properties of GLCM had little effect on regression analysis of SHG images. Both ILTP and BGC1 also had limited effectiveness as method of image analysis. One reason for this finding is that ILTP and BGC1 focus on the differences of neighboring pixels, however, directions of edges are highly disorganized in scar SHG images. LOTP analysis reserves edge information about the center pixel, therefore, it does not rely on the neighboring pixels as much. Overall, these data demonstrate that Tamura features extracted from LOTP images are superior for GBRT regression than those collected from previous methods. Comparing the R 2 for each method, LOTP yielded the most accurate of image analysis (R 2 = 0.94), and GLCM was the least accurate (R 2 = 0.29) in Table 1 . BGC1 analysis was closed in accuracy (R 2 = 0.92) to the LOTP method. These differences were also demonstrated in the RMSE calculations, where lower error was associated with more accurate correlation index R 2 . Comparing the individual Tamura features from LOTP, each features produced acceptable regression properties except line-likeness. Tamura features were not reported for GLCM because GLCM is based on statistics of the entire image to depict texture. The other performance of computation time for each method in each image was shown in Table 2 . LOTP, ILTP, and BGC1 have the same time complexity, because their differences were only located at the action mechanism of neighborhood. LOTP have an advantage over the other methods in computation time. Time complexity is an important index for algorithms. 
Discussion
In this study, we developed a new texture description operator LOTP for SHG images and Tamura features could be extracted accurately to explore the characterization of scar tissue over time. GBRT was applied to compare the effectiveness of our proposed method to other existing methods. The regression of using combined features suggests that the properties of collagen SHG images have been well demonstrated. The results of relative importance in experiment show that the effect of coarseness, directionality, and roughness are conspicuous. The increasingly coarseness of image indicated that the collagen fibers are better and its element size are bigger oriented with time. The directionality increasing number of presence of image implied that the collagen arrangement is more uniform over time. The roughness of the greatest contribution provided evidence that collagen bundles are better-recognized with the extension of time. Even though contrast, line-likeness, and regularity do not have a conspicuous trend, they are an indispensable description for SHG images. The contrast could be measured when two targets differ only in gray-level distribution. The result of contrast performance may be subject to the uneven distribution of collagen fibers. The link between regularity, line-likeness, and contrast result in the contribution of regularity less than other. A limitation with the LOTP operator is efficient extraction of line-likeness features because LOTP ignores the directions of edges using threshold t. Use of Tamura features information after the LOTP operator in regression analysis demonstrates a significantly increased accuracy for extracting characterization of scar age. The improved accuracy with LOTP analysis is partly because it focuses on gradient information, which allows for better extraction of Tamura features. Compared to other methods, ILTP focuses on gradient variety of the center pixel and BGC1 focuses on gradient diversity of adjacent pixels. In these methods, BGC1 is similar to LOTP in encoded mode, but the result of encode is a wide difference. The very low relative importance of separate feature indicates that too much adjacent information will restrain descriptiveness of Tamura features. On the other hand, regression model generate description of the relationship in Tamura features' interaction, but the interaction needs more study for that result. It was one of reason that we chose Tamura to describe scar. The relative importance of LOTP in comparison holds a dominant position. Although the contrast and line-likeness of LOTP represent a small part, they are superior to other methods. GLCM is based on statistics of entirety to depict texture, but Tamura features are focused on part. GLCM is not appropriate for Tamura features in quantizing texture features. There is a potent evidence indicated that LOTP operator in the way of describing SHG image more complete than other methods. R 2 reflects fitting degree of regression curve to real value and RMSE is the other expression of residues. The slope and intercept are the way of valuation. The result of comparison of different analysis methods demonstrated that LOTP operator not only has high accuracy in describing SHG images, but also spends less computation time than other methods. As a scar remodels itself over time, collagen fibers are better oriented and arranged more uniformly, and a coarser texture develops. In this study, we demonstrate that the LOTP operator combined with Tamura features provides the best image analysis of scar tissue.
Conclusion
In this study, a novel LOTP operator combined with Tamura features was proposed to extract texture features that could better quantify collagen morphology in human scar tissue. The coarseness, contrast, directionality, line-likeness, roughness, and regularity of collagen images were appraised to establish quantitative descriptions of scars over time by using the LOTP operator in SHG images. Regression analysis using GBRT was used to test the accuracy of the proposed method and compare it with ILTP, BGC1, and GLCM of SHG image analysis methods. Our findings demonstrated that LOTP image features were significantly better at describing collagen morphology at a range of scar ages. These results allow us to confidently assert that a combination of the LOTP operator with Tamura features can be effectively served as quantitative indicators to monitor scar progression, allowing surgeons and dermatologists to precisely treat scars.
